Localized defects in rotating mechanical parts tend to result in impulse response in vibration signal, which contain important information about system dynamics being analyzed. Thus, parameter identification of impulse response provides a potential approach for localized fault diagnosis. A method combining the Morlet wavelet and correlation filtering, named Cyclic Morlet Wavelet Correlation Filtering (CMWCF), is proposed for identifying both parameters of impulse response and the cyclic period between adjacent impulses. Simulation study concerning cyclic impulse response signal with different SNR shows that CMWCF is effective in identifying the impulse response parameters and the cyclic period. Applications in parameter identification of gearbox vibration signal for localized fault diagnosis show that CMWCF is effective in identifying the parameters and thus provides a feature detection method for gearbox fault diagnosis.
Introduction
Rotating machines play an important role in many industrial applications, such as aircraft engines, automotive transmission systems, and wind power generation. Most of the machinery was operated by means of gears and other rotating parts, which may develop faults. The study of fault diagnosis of rotating machine by fault feature detection from vibration signals has thus attracted more and more attention over the past decade.
Gearbox, as an important mechanism for transmitting power or rotation, is widely used in industrial applications. The occurrence of impulse response in gearbox vibration signals usually means that there exist mechanical defects or faults. Most gear faults are due to gear damage, such as tooth wear, cracks, scoring, spalling, chipping, and pitting [1, 2] . With such flaws existing on gears, progressive damage will occur and ultimately result in gear tooth breakage, which may cause significant economic loss. For gearbox fault diagnosis, therefore, it is very important to extract the information of impulse response from vibration signals.
So far, different techniques have been proposed to analyze the vibration signal for fault diagnosis, such as timefrequency/time-scale methods, empirical mode decomposition (EMD), and matching pursuit (MP). Time-frequency distribution is a three-dimensional time, frequency, and amplitude representation of a signal, which is commonly used to diagnose faults in mechanical systems because the time-frequency distribution can accurately extract the desired frequencies from a nonstationary signal [3] [4] [5] . The time-frequency distributions are linear or bilinear. The former includes the short time Fourier transform, which provides constant resolution for all frequency since it uses the same window for the analysis of the entire signal. The latter includes the Wigner-Ville distribution, the Choi-Williams distribution, and improved ones. There is no doubt that the Wigner-Ville distribution has good concentration in the time-frequency plane. However, even if support areas of the signal do not overlap each other, interference terms will appear to mislead the signal analysis. Time-scale methods often refer to wavelet transform. In wavelet analysis, a signal is analyzed at different scales or resolution: larger time and smaller scale window is used to look at the approximate stationarity of the signal and smaller time and larger scale window at transients. Reference [6] summarizes the application of the wavelet in machine fault diagnosis, including the fault feature extraction, the denoising and extraction of the weak signals, and the system identification.
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EMD is an adaptive decomposition method proposed by Huang et al. [7] , which in essence extracts the intrinsic oscillation of the signal being analyzed through their characteristic time scales (i.e., local properties of the signal itself) and decomposes the signal into a number of intrinsic mode functions (IMFs), with each IMF corresponding to a specific range of frequency components contained within the signal. Because it still has some shortcomings when it comes to calculating instantaneous frequency [8] or in some cases it may reveal plausible characteristics due to the mode mixing [9, 10] , it is untenable in effective application in impulse detection and analysis.
Matching pursuit algorithm, a greedy algorithm that chooses a waveform that is the most adapted to approximate part of the signal at each iteration, is effective in analyzing impulse response signals; however, the excessive computational cost limits its engineering applications [11] . Correlation filtering, enlightened from matching pursuit, is used based on Laplace wavelet to identify the parameters of impulse response by calculating the maximal correlation value, which is employed by Freudinger et al. to identify the modal parameters of a flutter for aerodynamic and structural testing [12] . Similar efforts were made by Zi et al. for the identification of the natural frequency of a hydrogenerator shaft and the wear fault diagnosis of the intake valve of an internal combustion engine [13] . Qi et al. employed Laplace wavelet correlation filtering together with empirical mode decomposition to identify modal parameters [14] . An integrated approach, consisting of empirical mode decomposition, Laplace wavelet correlation filtering, and wavelet finite element model, proposed by Dong et al. for rotor crack detection, was effective in identifying the position and the depth of different cracks [15] .
Laplace wavelet correlation filtering is effective in detecting a single transient impulse response. However, localized defects in rotating mechanical parts tend to result in multiple impulse responses, which are generally cyclic impulse responses. Considering that the waveform of Morlet wavelet is in shape similar to transient vibration caused by gearbox localized defects [16, 17] and cyclostationarity matches the key feature of the gearbox vibration [18, 19] , Cyclic Morlet Wavelet Correlation Filtering (CMWCF) is thus proposed, which, based on correlation filtering, constructs the cyclic Morlet wavelet and identify both the impulse response parameters and the cyclic period for diagnosed gear fault.
The remainder of the paper is organized as follows. In Section 2, the basic theoretical background concerning CMWCF is introduced. Section 3 gives a simulation study and analysis to verify the proposed method. Section 4 applies the method in gearbox transient feature detection by parameter identification for fault diagnosis. Finally, conclusions are drawn in Section 5.
Adaptive Parameter Identification Based on Morlet Wavelet
In this section, a method of adaptive parameter identification of Morlet wavelet based on correlation filtering is presented. Using correlation filtering, the parameters of Morlet wavelet are firstly identified to detect the impulse response. Secondly, cyclic Morlet wavelet is constructed to detect the cyclic period between adjacent impulse responses. The proposed method is suitable for not only identifying the parameters of the impulse response but also detecting the cyclic period.
Morlet Wavelet and Parametric Representation.
Morlet wavelet is one of the most popular nonorthogonal wavelets, defined in the time domain as a harmonic wave multiplied by a Gaussian time domain window:
Morlet wavelet is a cosine signal that decays exponentially on both the left and the right sides. This feature makes it very similar to an impulse. It has been used for impulse isolation and mechanical fault diagnosis [16, 17] .
The parametric formulation of Morlet wavelet is
where the parameter vector γ = ( f , ζ, τ) determines the wavelet properties. These parameters ( f , ζ, τ) are denoted by frequency f ∈ R + , damping ratio ζ ∈ [0, 1) ⊂ R + and time index τ ∈ R, respectively. The discrete parameters f , ζ, and τ belong to subsets of F, Z, and T C , respectively:
The discrete grid Γ = F × Z × T C is constructed, and the set of the Morlet Wavelet, whose parameters are contained in subsets of F, Z, and T C , is called the dictionary shown as follows:
and each item in the dictionary is called an atom.
Correlation Filtering (CF).
Correlation between two signals describes their similarity to each other or, in general term, their interrelationship. The degree of similarity between two real certain signals with limited energy, ψ γ (t) and x(t), can be measured in terms of a correlation coefficient, defined as [20] 
where σ x(t) and σ ψγ(t) are the standard deviations of the vibration signal x(t) and the atom ψ γ (t), respectively, and EURASIP Journal on Advances in Signal Processing 3 C x(t)ψγ(t) is the covariance of x(t) and ψ γ (t). In practice, the signal x(t) and the atom ψ γ (t) are sampled as discrete values; thus, the correlation coefficient is estimated from the sampled data as
where N is the number of the data samples, and x and ψ γ are the mean values of x(k) and ψ γ (k), respectively. Because of the approximate zero mean property of the wavelet and the vibration signal, (6) can be described as
where c γ is a multidimensional matrix, which is determined by Γ = F×Z×T C . A correlation coefficient k γ (τ) is defined for modal analysis to correlate frequency and damping at each time value. Peaks of c γ for a given τ relate the wavelet with the strongest correlation to the signal. Define k γ (τ) as the peak values of c γ at each τ. So, the formulation of k γ (τ) is
where f and ζ are the characteristic parameters of the Morlet wavelet associated with the peak correlation. Define
where τ is the time of the peak value of c γ in the whole time domain.
Cyclic Morlet Wavelet Correlation Filtering (CMWCF).
According to the characteristics of vibration signal and the identified Morlet wavelet ψ γ (t) through CF, in order to determine the period, that is, time interval between two adjacent impulse responses, we can define the cyclic Morlet wavelet by introducing parameter T as
where T is the time interval between two adjacent cyclic Morlet wavelet atoms, named cyclic period. Then, the parameter vector λ = ( f , ζ, τ, T) determines the cyclic Morlet wavelet properties.
According to the characteristics of cyclic impulse response, making use of the impulse response parameters which is obtained from CF, the cyclic Morlet wavelet is constructed to detect cyclic period. The set of the cyclic Morlet wavelet, whose parameter is contained in the subset of T T = {T 1 , T 2 , . . . , T q } ⊂ R + , is also called the dictionary shown as (11) where f , ζ, and τ are the parameters of impulse response obtained from CF. Then, a correlation function k T (T) is defined to quantify the correlation degree between ϕ T (t) and x(t):
Practically, k T (T) is a column vector, whose size is determined by subset of T T . Define
where T, associated with the maximum of k T , is cyclic period. Then, both the parameters of Morlet wavelet and the cyclic period between adjacent wavelet atoms are identified. These identified parameters are associated with the impulse responses. Finally, the procedure of the adaptive parameter identification scheme proposed is summarized as follows:
(i) establish Morlet wavelet dictionary;
(ii) find optimal Morlet wavelet using correlation filtering based on maximal correlation coefficient criterion;
(iii) construct cyclic Morlet wavelet given by (10) obtained in step 2;
(iv) find cyclic period using CMWCF based on maximal correlation coefficient criterion.
Simulation Signal Test
A simulation study is performed to illustrate the effect of the CMWCF method. Consider a simulative signal
where the frequency f 0 = 5 Hz, the damping ratio ζ 0 = 0.01, the time index τ 0 = 1 s, and the cyclic period T 0 = 2 s.
Obviously, x(t) is a real periodic cyclic impulse responses signal Figure 1(c) represents the correlation value k γ (τ), whose peak value k γ,max = 0.3947 locates at one impulse. Figures 1(d) and 1(e) indicate the modal information of frequency and damping ratio parameters revealed from the peak correlation k γ (τ) at each time τ. We obtained frequency f = 5 Hz and damping ratio ζ = 0.01 which are exactly equal to simulation values ( f 0 = 5 Hz, ζ 0 = 0.01). Because of the multi-impulse the time index τ = 5 s is not equal to τ 0 shown in Figure 1(c) . Using the results obtained by correlation filtering, the cyclic Morlet wavelet is constructed. Then, the correlation value k T (T), shown in Figure 1(f) , is obtained by CMWCF, and the cyclic period T = 2 s associated with k T,max = 0.8454 is identified, which is also equal to the simulation value (T 0 = 2 s). Figure 1(g) gives the comparison between the reconstructed cyclic Morlet wavelet with the obtained results and the simulation signal. To see more clearly, we parallelly move the curve of the reconstructed impulse response. The consistency between them can be obviously seen, so it can be drawn that the proposed method is effective in identifying the cyclic period between adjacent impulses.
In order to test the noise tolerance of the method, the simulation test with different noise amplitudes A n from (14) is investigated shown in Table 1 , in which the results A n , SNR, k γ,max , f , ζ, τ, k T,max , and T are listed. SNR, the signal-tonoise ratio, is used to weigh the noise level and is defined as follows:
where P S is the energy of the useful information and P N is the energy of the noise. It is clear that, with the increase of noise amplitude, the correlation values k γ,max and k T,max decreased steadily, illustrating that the noise reduces the correlation between the simulation signal and Morlet wavelet. Meanwhile, the noise amplitude influences the frequency f , the damping ration ζ, and the time τ for A n > 0.4, but it has little influence on the cyclic period. Table 2 gives the success rate of detecting the cyclic period for randomized trial on 100 times.
Application in Gearbox Fault
Feature Detection
To study the effectiveness of the presented methods for the gearbox fault feature detection, our experiment is concerned with a fatigue test of an automobile transmission gearbox. The structure of the gearbox is shown in Figure 2 , which has five forward speeds and one backward speed. The vibration signal was acquired by an accelerometer mounted on the outer case of the gearbox when it is loaded with the third speed gearbox. For a gear transmission, the meshing frequency f m is calculated by
where z is the number of gear teeth, n is the rotating speed of the input shaft, and i is the transmission ratio. In the test, z = 27, n = 1600 rpm, and i = 1.44. Then, the meshing frequency of the third speed is calculated to be 500 Hz. The sampling frequency is 3 KHz. The working parameters are shown in Table 3 . The typical vibration signal caused by one driving gear teeth broken is shown in Figure 3(a) . The time domain signal fails to demonstrate the characteristic feature of the gearbox vibration signal. Figure 3(b) expresses the corresponding frequency spectrum, from which it can be seen that the 500 Hz in frequency is the main components. Figure 3(c) gives the waveform of the correlation value k γ (τ) which is the result of correlation filtering, in which the maximal correlation value k γ,max = 0.3370 is marked. The associated parameters are f = 268 Hz, ζ = 0.0060, and τ = 0.1780 s.
In order to identify the cyclic period, the reconstructed Morlet wavelet is used to construct cyclic Morlet wavelet. The correlation coefficient k T between constructed cyclic Morlet wavelet and the vibration signal under different parameter period T is given in Figure 3 original vibration signal is given in Figure 3 (e), in which, to see more clearly, the curve of the reconstructed one is also parallelly moved. Obviously, as shown in Table 2 , the identified cyclic period is consistent with the rotating period of the third speed driving gear. That is to say, the proposed method is effective in identifying the characteristic parameters.
To prove the tolerance of the proposed method, Figure 4 gives another signal whose length is different and the results include k γ,max = 0.2877, f = 275 Hz, ζ = 0.0080, τ = 0.2310 s, k T,max = 0.4327, and T = 0.050 s. These identified parameters are almost identical to the result of Figure 3 .
Furthermore, in addition to illustrate the effectiveness of the proposed method, Figure 5 gives the vibration signal on normal condition, in which k γ,max = 0.1187 and k T,max = 0.1236 are represented and smaller than results of Figures 3 and 4 . It is illustrated that there is no apparent impulse response in the vibration signal. Though the impulse response was reconstructed and given in Figure 5 (e), it can be clearly observed that the comparison with the original signal is unaccountable. So it can be drawn that there is no cyclic impulse response in the vibration signal on normal condition. In other words, it can be drawn that there is no localized defect in the gearbox, and this also verifies the effectiveness of the proposed method. 
Conclusions
The cyclic Morlet wavelet correlation filtering (CMWCF) method proposed represents an attempt in the direction of parameter identification and feature detection for fault diagnosis. Both the parameters of the Morlet wavelet associated with the maximal correlation value and the cyclic period are effective in feature detection of the impulse response. The simulation study demonstrates that the proposed method is effective in identifying parameters of impulse, including frequency, damping ratio, and the time index, and is especially sensitive to the cyclic period. The gearbox application also demonstrates the fact that the method has the capability of parameter identification.
In conclusion, the other gearbox applications have not yet been provided in the paper; however, it conforms that CMWCF provides a feature detection method for gearbox fault diagnosis. Furthermore, the method has the potential applicability for monitoring other rotating mechanical components such as bearings and rotors.
